One of the basic debates in African development is whether agriculture can be the instrument for the transformation of a rural economy. A common question is whether agricultural policies can provide the impetus to move agriculture in developing economies from subsistence to commercial agriculture. Senegal's Plan Sénégal Emergent (PSE) provides a data point in this discussion. Senegal and international donors invested in agricultural supply chains starting in 2012 to facilitate the emergence of commercial agriculture for peanuts, rice, and vegetables. This study focuses on these investments in the Senegal River Valley of northern Senegal. The empirical results presented in this study provide evidence that farms in the Senegal River Valley impacted by PSE have moved away from subsistence agriculture by planting more hectares in commercial crops.
Introduction
A basic tenet of development is structural transformation: the transition of labor from subsistence farming to non-farm employment simultaneously with the emergence of commercial agriculture to feed the growing labor force (Lewis 1954; Timmer 1988; Timmer and Akkus 2008; Sheahan and Barrett 2017) . Commercial agriculture is often associated with farm specialization, even in developing economies, because of the classical gains from specialization noted by Adam Smith, other economies of scale in agricultural production, and comparative advantage (Carter and Lohmar 2002; Emran and Shilpi 2012; Yang and Liu 2012; Klasen et al. 2016) . However, African small farmers often practice diversified livelihoods to reduce risk from both food production shocks and market failure leading to an inability to purchase sufficient foods (Barrett et al. 2001 . The Plan Sénégal Emergent (PSE) is the country's plan using agriculture as an engine of growth that spurs balanced economic and social development across multiple sectors. The PSE has mobilized significant public resources in agriculture with an initial financing of West African Franc (CFA) 7.3 trillion (about $14 billion in 2014 exchange rates) and aspirational funding of CFA 10.3 trillion (Republique du Senegal 2014) . Additionally, it has reoriented agricultural priorities to place development of the rice value chain as the first priority rather than the historical emphasis on the peanut value chain, with notional funding for rice of more than 4 times that of peanuts (Republique du Senegal 2014) .
While structural transformation remains a decades-long process, it is nonetheless important to track the near-term impacts of this level of structural adjustment policy for several reasons (see Van den Broeck and Maertens (2017) and Moss et al. (2016) for further discussion of these issues). First, growth-enhancing structural adjustment has been hard to achieve in Africa, so a policy approach that could stimulate this adjustment could literally be a continent-changing insight. Second, the PSE approach prioritizes agriculturally led growth. Despite the close connection between agricultural transformation and structural transformation and agricultural growth's positive contributions to poverty reduction (Johnston and Mellor 1961; Timmer 1988; Fulginiti and Perrin 1998; Irz et al. 2002; Byerlee et al. 2009; Diao et al. 2010; Haggblade et al. 2010; Christiaensen et al. 2011; Naseem et al. 2016) , arguments against continued investment in agriculture in general and smallholder agriculture in particular continue to be made (Hasan and Quibria 2004; Collier and Dercon 2014) . Thus, the emergence of agriculturally led growth would provide significant evidence on this debate. Third, the reprioritization of a staple crop (rice) over traditionally exported peanuts provides information on the debate as to whether agricultural development for staple food generates as much growth or poverty reduction as development of a high-value agricultural export sector (Diao and Dorosh 2007) . For example, Moss et al. (2017) find that investment in the (exported) Rwanda coffee value chain had significant poverty-reducing impacts, albeit likely in part because Rwandan coffee is grown by smallholders. In a segment of the Senegal River Delta different from our sample area, with greater proximity to the port of St. Louis and large-scale horticultural export companies, Van den Broeck and Maertens (2017) find evidence of agricultural export-led structural transformation that generates pro-poor growth through employment effects and investment and consumption linkages. Evidence of an association between rice production and poverty-reducing growth elsewhere in the Senegal River Valley would give further credence to the conclusion that in different contexts, either staple crop or export crop development could make significant contributions to a broader strategy of poverty reduction through agriculturally led growth.
In this paper, we examine evidence to determine whether an agriculturally led structural transformation is emerging in the irrigated rice-producing areas of the Senegal River Valley. In particular, we examine the allocation of smallholder agricultural resources including agricultural land within the Senegal River Valley. Evidence of reallocation of land away from subsistence crops such as millet and sorghum and towards rice and to a lesser extent onions is taken as evidence of policy impacts, and in particular of the beginnings of an agriculturally led transformation. Evidence that the shares of land allocated to subsistence crops are stable or increasing is taken as evidence of the lack of agricultural leadership in structural transformation, raising the question of whether a structural transformation is emerging.
Background: Structural Transformation in the Senegal River Valley
Senegal, one of the most stable but also poorest countries in Africa, has since 2012 re-prioritized its investment to catalyze an agriculturally-led structural transformation. Since it gained independence from France in 1960, all three Senegalese presidential transitions have been peaceful, including most recently the 2012 election in which the challenger (President Macky Sall) defeated the incumbent; this stability potentially opens up non-agricultural growth opportunities (Mansoor et al. 2017 ). Yet, since 1960, structural transformation had at least until recently remained elusive (Eicher 1987; Mansoor et al. 2017) . The share of agriculture in employment remains high, with 52% of the population employed in agriculture producing only 17.5% of GDP (World Bank 2016). Poverty declined from 68% in 1991 to 38% in 2005 , but remained at 38% in 2011 (World Bank 2016 . Real agricultural value added increased at a 1.9% rate from 1968 to 2016, almost a full percentage point below the rate of population increase (author's calculations from World Bank (2016)). In 2015 Senegal ranked 162 out of 188 on the human development index. To address these and other issues, the government of Senegal has prioritized structural transformation, led by development of the agricultural sector but in conjunction with enabling non-agricultural development, as set forth in the PSE.
The PSE is a broad plan to achieve by 2035 a vision of Senegal as a "socially responsible society under the rule of law", with an economic emphasis on structural transformation of the economy from one based primarily on subsistence agriculture to an integrated economy with a commercial agricultural sector that provides significant and inclusive contributions to overall economic growth. Over the sample period, the National Agricultural Investment Plans covering 2011-2015 (PNIA 1) and 2016-2020 (PNIA 2) and the Program for Accelerating the Tempo of Senegalese Agriculture (PRACAS) have guided the implementation of the agricultural portion of the PSE.
The PNIA focuses on longer-term goals for agriculture, including accelerating agricultural growth to cut poverty in half. Based on modeling of different investment options, the plan targeted an agricultural growth rate of 6.7%. In some cases there were specific sub-targets, such as increasing rice yields from the 2005/6 average of 2.9 tonnes (mt)/ha to 6.7 mt/ha by 2020.
The PRACAS was a short-term (2014-2017) effort to focus attention and resources on four value chains: rice, onions, vegetables and peanuts, with the first three relevant for the study area in the Senegal River Valley. Rice is the staple grain for most of the country and onions are widely consumed in Senegalese cuisine. Senegal currently is a net importer of rice and onions because of both production and processing constraints including quality issues for rice. The PRACAS targets include self-sufficiency in rice and onions, but with emphasis on rice, and development of an export industry mainly to Europe for off-season vegetable production. Notable in the PRACAS is that notional funding to support the rice value chain is about four times the funding for the peanut value chain, in contrast to historical priority being given to the peanut value chain.
In this paper we are particularly concerned with the effects of the PSE, PRACAS and PNIAs on the emergence of structural transformation in the Senegal River Valley. The Senegal River has headwaters in Guinea and flows through Mali before becoming part of the Senegal-Mauritania border, eventually emptying into the Atlantic Ocean at the city of St. Louis, Senegal. The study area is on the Senegal side of the river and extends from the Matam district on the upstream end to the Diama dam on the downstream end (Figure 1) .
In this paper we are particularly concerned with the effects of the PSE, PRACAS and PNIAs on the emergence of structural transformation in the Senegal River Valley. The Senegal River has headwaters in Guinea and flows through Mali before becoming part of the Senegal-Mauritania border, eventually emptying into the Atlantic Ocean at the city of St. Louis, Senegal. The study area is on the Senegal side of the river and extends from the Matam district on the upstream end to the Diama dam on the downstream end (Figure 1 ). The Diama dam is located 27 km inland from the river mouth and prevents salt water from pushing upstream. Rainfed agriculture is limited: there is a small amount of upland rice but the rainfed agriculture focuses on subsistence farming of drought-tolerant grains such as millet and sorghum, with a small amount of livestock production. Rice has been the major crop in the irrigated Delta. Since the 1970s, the Government of Senegal and donors have invested in irrigation schemes to increase rice production. As a result of these investments, yields improved such that by the early 2000s, irrigated fields, average yields were over 5 mt/ha with peak yields reaching 9.5 mt/ha. Despite these successes in yields, irrigation schemes remained underdeveloped, rice quality was poor and people preferred imported rice to local. Hence development of a commercial rice sector was stunted despite significant yield increases. The limited effectiveness of these irrigation schemes was due in part to a limited ability to control river flow. The Manatali Dam, located 1200 km upstream in Mali and completed in 1988, now provides flood control and water retention for release during the irrigation period. The hydrological potential for irrigation is 375,000 ha (World Bank 2016). This could provide more than 1.6 million mt of rice based on a single-cropping basis at global average rice yields on 4.3 mt/ha, more than the 1.5 mt consumed in 2014 /2015 (USDA, 2016 . However, Senegal became increasingly dependent on rice imports for 20 years after the Mantali Dam was completed and a recent analysis showed a negative net present value (Manikowski and Strapasson 2016) .
Key interventions in agricultural production in the sample area include the successful development of irrigated perimeters in the Senegal River Delta, facilitated by recent investments from the World Bank, the Millennium Challenge Corporation, and the Senegalese private sector; development of power and transport infrastructure particularly in the Senegal River Delta; and development of a seed industry for improved rice varieties, facilitated by Feed the Future's Project for Economic Improvement (PCE). Value chain development actions included strengthening of financing and credit access; strengthening of a local rice processing sector to help make domestic rice competitive in price and quality against imports; and strengthened marketing of domestic rice in the capital city of Dakar and other urban demand centers. In all of these actions leadership and support from the government of Senegal played a critical role.
The critical policy question here is how smallholders are responding to the PCE and PSE more broadly in terms of their allocation of resources within agriculture. That is, are smallholders making the necessary reallocations of agricultural inputs including land so that the sector as a whole can switch from subsistence to commercial agriculture?
Methodology

Theory
To examine the question of whether smallholder agricultural resource allocation is changing in response to policy shifts and in ways that are consistent with agriculturally led structural adjustment, we posit a theory of agricultural resource allocation. We start from the household production model (HPM):
where U(.) is the utility generated by the consumption of a vector of consumption goods; z i is the amount of good i produced (e.g., if i = 1 denotes rice production z 1 is the pounds of rice produced);
1 Table A1 in the Appendix A presents the list of control and target villages corresponding to the indicated numbers.
z i is the quantity of production sold; f 1 x 1 , x 2 , x F 1 , l 1 is the production function for rice (based on a common input that effects both rice and onion production-x 1 , x 2 is a specialized input that only effect rice production; x F 1 is the hectares of farmland dedicated to the production of rice; l 1 is the household labor dedicated to the production of rice); f 2 x 1 , x 3 , x F 2 , l 2 is the production function for the second crop (e.g., onions); p i is the price of output i; w j is the input price for input j; Y is outside income (possibly from remittances); w L is the wage rate for off farm employment; L is the total amount of labor available to the household; and x F is the total amount of quasi-fixed asset (e.g., farmland) available to the household. The Lagrange formulation for the utility problem can then be specified as:
where λ 1 , λ 2 , µ, and φ ≥ 0 are Lagrange multipliers. For our purposes of this study, the most important conditions involve the allocation of the quasi-fixed input between production alternatives. Applying the Kuhn-Tucker approach (i.e., assuming that the amount of quasi-fixed input allocated to each production process has to be greater than or equal to zero) yields the first-order conditions:
Here, the marginal value of farmland allocated to crop 1 or 2 is determined by the value of each respective crop to the household (i.e., λ 1 for output 1 and λ 2 for output 2) when that crop is produced at a non-zero level. Specifically, the Kuhn-Tucker first-order condition for z 1 is:
If the good is produced (z 1 > 0):
where the marginal value of z 1 is determined by the derivative of the utility function with respect to z 1 . To bring this value into context, we take the first-order condition of utility with respect to z 1 :
A couple of things about this result. First, we do not impose the restriction that z 1 ≥ 0 since the household could buy or sell rice. If z 1 > 0 the household sells rice. However, if z 1 < 0 the household buys rice. Second, we assume that z 1 − z 1 0 so that the household consumes some rice. Returning to the allocation of land between crops, if both crops are planted:
To develop the implications of this conditions, ∂ f 1 x 1 , x 2 , x F 1 , l 1 /∂x F 1 is the yield of crop 1 per hectare and ∂ f 2 x 1 , x 3 , x F 2 , l 2 /∂x F 2 is the yield of crop 2 per hectare (i.e., ∂ f 1 x 1 , x 2 , x F 1 , l 1 /∂x F 1 is the rice yield per hectare, and ∂ f 2 x 1 , x 3 , x F 2 , l 2 /∂x F 2 is the yield of onions per hectare). Implicitly, the relationship in Equation (7) allows for complexity not possible in simple profit maximization given exogenously determined output prices. To develop this point, consider the marginal utility relationship implied by merging Equations (5) and (6):
which yields the traditional marginal condition from profit and utility maximization under market conditions. The marginal utility equals µp i as in the standard demand model and the marginal product of each input equals the ratio of input price to output price:
The difference between the market solution and a subsistence solution results from a failure of Equation (8). Specifically, given that the household cannot access the market for a particular good due to low income:
Under this scenario, the household will allocate more farmland to the subsistent good than suggested by market prices. In Equation (7), since λ 1 increases above the market price, x F 1 has to increase (assuming that the marginal product of farmland is downward sloping) to meet the equilibrium condition.
To draw this discussion out in order to highlight the role of subsistence crops, let us assume that z 1 is the commercial crop (e.g., rice) as above, but now let us assume that z 2 is an output that tends to be a subsistence crop (e.g., cassava which is largely consumed by the household in autarky). Under this scenario the relationship in Equation (8) remains unchanged (the marginal utility of rice is equal to the marginal utility of income times the price of rice). However, the marginal utility of cassava is greater than the marginal utility of income times the price of cassava, µp 2 λ 2 so that:
assuming z 2 0. Substituting the implication of Equations (8) and (11) into Equation (7) yields:
Intuitively, the market value of rice does not change-it is still determined by the marginal utility of income times the market price of the output. However, the value of the subsistence crop (cassava) is higher than the value determined in the market. If we assume that the marginal product of land used to plant cassava is downward sloping, more land will be dedicated to the planting of cassava than "justified" by its market price. Equation (12) explains why more land is planted to the subsistence crop than implied by market prices; however, the question then shifts to why is µp 2 λ 2 . This divergence is implicit in the subsistence counterpart to Equation (6):
One simple way to yield the result of Equation (13) is to hypothesize a transaction cost on the subsistence crop sufficient to yield the equality:
where τ 2 is a transaction cost that may be incurred to purchase the subsistence good. Hence, we have two market conditions:
A second possibility involves the implicit condition determining the marginal utility of income. Specifically, given that the utility function is concave in the level of goods consumed, µ is a decreasing function of income-relatively poorer households have a higher marginal utility of income (µ * ≥ µ where µ * is the marginal utility of a relatively poorer household). Mathematically, poorer households put a higher value on subsistence crops because their marginal utility of income is relatively high.
Data
This paper relies on collection and analysis of primary household data collected in the study area in 2014 and 2017, supplemented in some instances by secondary data. A household survey instrument was developed for the express purpose of measuring rural transformation as described in the previous section, and was pre-tested at the University of Gaston-Berger in St. Louis, Senegal. To provide additional information on job creation, the interviewers used an additional survey instrument to solicit information on employment from local enterprises. Both the household and enterprise survey instruments had been previously developed and validated for use in south-east Senegal.
Based on sample size calculations, a sample of 200 target households and 200 control households was desired for the household data collection exercise. To determine the sampling frame it was necessary to define a geographic area with significant development activities and a potentially emergent transformation. The United States Agency for International Development (USAID)-funded Project Croissance Economique (PCE) provided such an opportunity. PCE is involved in strengthening the rice value chain from farm credit and input supply to processing and finally marketing of rice in Dakar. Additionally, multiple other donors including the World Bank, the Millennium Challenge Corporation and others as well as the government of Senegal are active in the area. Within the Senegal River Valley PCE operates in the departments of Podor, Matam, Kanel and Dagana, and there are 51 villages within these departments (Figure 1) . PCE is an individualized progam that targets beneficiaries in the 51 villages, by providing farmers with various types of support such as helping identify market opportunities, obtain credit, and training. From these 51 villages, 20 villages were randomly selected as being the target group. Ten households from the target villages were then randomly selected for a total of 200 households. The control group was selected from the villages along the Senegal River that were not the 51 villages forming the target group sample frame, and hence not in the PCE. From the set of possible control group villages, 20 were selected on the basis of matching different characteristics of the target group. Village-level characteristics that were used to find the control villages included whether the control was similar to the target in terms of access to water, distance to paved road, access to markets, and agricultural production. It should be pointed out that while some control villages are further from the Senegal River-specifically Touba Velingara, Velingara Wolof 1, Velingara Maure 2, Mody Kelo and Loumbol Samba Abdoul in Matam-these villageshave access to irrigation so the distance from the river is not a differentiating characteristic and these villages make reasonable control villages. Within the 20 control villages, 10 farming households per village were randomly selected from the rolls of the village producer organizations.
Empirical Methods and Results
Table 1 presents the share of crops planted in the control and treated areas in 2014 and 2017. In general, the amount of land devoted to the production of rice increased across the board, rising from 46.7 percent for the whole sample in 2014 to 60.4 in 2017. Rice and onions (cash crops in the irrigated areas) dominated the treatment area in 2014 with 81.4%, and this domination increased to 91.9% in 2017. This is interpreted to mean that in the treatment areas, smallholder agriculture is over 90% commercialized. In contrast, in the control areas, the proportion of area planted to rice and onions in 2014 was 31.1% and 49.0% in 2017. That is, in the control areas slightly more than half the area is planted to subsistence crops. This is interpreted to mean that subsistence farming still plays a significant role in the control area, but that commercialization is occurring. 2 At this point, it is tempting to analyze the statistical significance of these changes using rudimentary statistics. However, these formulations ignore the "adding-up" constraint in the data-the shares of farmland planted to each crop add up to 100.0 percent by definition. As in the estimation of systems of demand equations, the variance matrix for crop shares is singular. Given the summing up restriction and the fact that shares are bounded between zero and one, we estimate the covariance matrix for each group using Wild-Bootstrapping (Wu 1986 ) using the Rademacher distribution as described in the appendix. The variance/correlation matrix along with the standard deviation for each sample is presented in Table 2.   2 It is tempting to compare the magnitude of change in area share between the treatment and control groups and say that the commercialization of agriculture is now proceeding more rapidly in control areas than in treatment areas, but this would be inaccurate in the context of transformation. The reason for the inaccuracy is that it is comparing across different stages of transformation-it could be that the movement in the treatment group went from 31% to 50% commercialization more quickly, or more slowly, than the control group. Unfortunately, we do not have historical data to resolve that question. Additionally, the movement from 31% to 49% commercialization may be easier than moving from 81% to 91%. The correlation coefficients between different crop shares presented in Table 2 indicate that correlation coefficients are smaller and more stable in the treatment group than in the control group. Several changes in correlation in the control group are large, but the most significant for our current analysis is the change in correlation between rice and onions across time periods. In 2014, the correlation coefficient between rice and onions was 0.1676; however, the correlation coefficient declined to −0.8282 in the 2017 sample. Hence, onion plantings in 2014 were largely uncorrelated with the planting of rice. However, in the 2017 sample these plantings are negatively correlated-farmers appear to be trading between rice and onion production in the control group. One possible interpretation is that programmatic support for increased rice production within the treatment group enabled those producers to focus on rice production, increasing the land share in rice by 12.5 ppt. and decreasing the share in onions by 2 ppt. In contrast, commercial farmers in the control areas without programmatic support for rice production increased their share of land in rice production by 6.2 ppt. and their share of land in onions by 11.7 ppt. While not conclusive, this is nonetheless important corroborative evidence of the positive impact of treatment-area programs and projects on commercial rice production. The correlations in the treatment group appear to be smaller overall. For example, the correlation in the 2014 sample between rice and onions was −0.1658. While this would appear to provide some evidence that higher rice plantings were associated with lower onion plantings, this effect would be small. In the 2017 sample, this value declines to −0.2671 which strengthens the conjecture that rice and onion plantings substitute for each other, but the figure is still relatively small.
Following the general approach used in systems of equations, the test for the control shares in 2017 being the same as the control shares in 2014 becomes: 
where Ω is the variance matrix for the control sample in 2014 with the last row and column (the values for other crops) dropped. This test statistic can be rejected at any conventional confidence level. The likelihood ratio for the treatment shares in 2014 equal to the control shares in 2014 is 441.88 which again is rejected at any level of confidence. The test statistic for the change in the shares for the treated group is 43.73 which is still statistically insignificant at any conventional confidence level. Finally, the test for the control shares in 2017 equal to the treatment group is 5256.13.
The magnitudes of the test statistics suggest that the test statistics may over-reject the null hypothesis (i.e., following Moss and Theil (2003) the variance matrix may be too small). To examine this hypothesis, we extend the informational approach for testing the change in shares developed in the Appendix B. Specifically, we examine information across crop shares defined as:
where S 1,i is the share of crop i in the control group and S 2,i is the share of crop i in the treatment group. As a first step, we generate the information measure for the treatment group equal to the control group in 2014-I 2,1 = 0.5625. Like the likelihood ratio test above, this value is statistically significant at any conventional confidence level. Next, we generate the same measure for 2017 yielding I 2,1 = 0.7667 which again is statistically significant at any conventional confidence level. Hence, like the likelihood ratio results, the allocation for the treatment group is different to the allocation in the control group at any conventional level of significance.
To examine the dynamics in a slightly different light we develop a difference-in-difference formulation. Specifically, we turn to a different informational measure based on changes in the shares between 2014 and 2017 for the treatment group compared to the control group. The interpretation of this test statistic is somewhat complex. First, it is important to recognize that the treatment and control groups have different land allocations in 2014, which is interpreted as meaning that the treatment group has started an agricultural transformation. If the control group is indeed to participate in this transformation alongside the treatment group, i.e., the two groups are to converge, then the control group must 'catch up' to the treatment group. That is, the shares in the control group would have to change more rapidly than the shares in the treatment group. A more rapid change in the control group would be consistent with a statistically significant test statistic. In contrast, if there is no difference-in-difference effect, then the result is interpreted to mean that the control group continues to lag the treatment group. This would be interpreted as evidence that the policy actions taken by the government of Senegal along with donor support are having a continuing effect on agricultural transformation in the treatment group.
Focusing on the treatment group we compute:
where I ∆2 measures the change in information for the treatment group between 2014 and 2017. Numerically, I ∆2 = 0.1291. Based on sampling the change in the control shares over that same period, we determine that P[I ∆1 ≤ 0.1291] = 0.1303. Hence, we conclude that the change in the shares for the treatment group are not statistically different to the change in the control group. We interpret this as support for the hypothesis that the policy effect has continued through 2017.
Discussion and Conclusions
The Senegal River Valley is potentially the 'rice basket' of Senegal, with agronomic potential to supply enough rice to meet all domestic demand with significant export possibility. Achieving this potential requires transformation in the area from subsistence farming to commercial agriculture. While the first step in achieving this transformation may be increased yields as in the Green Revolution, irrigated rice yields in the area have been high at least since the 1990s. Instead, the constraints appear to be poorly managed irrigation schemes, low-quality rice that does not meet consumer quality requirements, and an inefficient supply chain. Recent emphasis by the government of Senegal with multi-donor support have addressed these irrigation, quality, and value-chain constraints. The hypothesis is thus that a transformation from subsistence farming to rice-based commercial agriculture will ensue. This paper provides direct empirical evidence of the hypothesis. In particular, we provide evidence on smallholder reallocation of land away from subsistence crops such as millet and sorghum and towards rice production, using a unique panel data set including treatment and control groups. The evidence is consistent with a significant reallocation of land away from subsistence crops. It is consistent with a significant reallocation towards rice, and to a much smaller extent towards onions, a secondary commercial crop. In 2017, the treatment group planted over 90% of its land with rice and onions, compared to less than 50% for the control group. An information-based, difference-in-difference inference measure demonstrates statistical significance of the switch. That is, while both treatment and control groups are commercializing, the treatment group is much farther along the commercialization path than is the control group. In fact, at 90% commercialization, the transition from subsistence to commercial orientation is almost complete in the treatment group.
Methodologically, this paper has refined the information-based metric of Moss, Mbaye and Oehmke, in particular applying it to a difference-in-difference approach. This information metric is an extremely useful tool for comparing distributional changes (as compared to say mean yield changes). The difference in difference approach is the best approach for examining the effect of policy or programmatic development interventions. The application of the information metric to the difference-in-difference approach is thus the best approach to quantification and inference about distributional changes attributable to development interventions. In this case the application was to the distribution of farm land to commercial versus subsistence crops. However, a wide variety of development outcomes are distributional in nature, from income distributions to labor allocations. Further research is appropriate to apply the information-based difference-in-difference approach to quantify important distributional changes.
These findings shed light on several conclusions that may hold more broadly throughout African agriculture. First, yield increases are not always sufficient to catalyze agricultural transformation. Additional infrastructure investments and policy changes as well as value chain development may be necessary. Second, there is a debate as to whether smallholder agriculture is amenable to commercialization, especially in staple crops, or whether farm consolidation to achieve economies of scale is a prerequisite. This paper shows that in the Senegal River Valley farm consolidation is not a prerequisite. This potentially has implications for land policy throughout many staple crop-producing regions in Africa, although further work is required for specific contexts. The current data are not sufficient to shed light on the question of whether consolidation would have accelerated commercialization within the treatment group, nor of whether consolidation going forward will generate further productivity increases within commercial agriculture, but the latter question is likely to be researchable with the next round of data collection and analysis. Finally, the emergence of a transformation to commercial agriculture raises a number of interesting questions for further research: are farm and non-farm labor markets providing local employment and entrepreneurial opportunities as the rice value chain grows? Are local food markets growing as smallholders turn from subsistence production to commercial markets to feed their households? Are there income and consumption linkages that are strengthening local economies? 
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Appendix A Table A1 . List of control and target villages (numbers refer to those on the map).
Control Villages
Target Villages Number Name Number Name 
Appendix B Distribution of Information Measures
Since the changes in other crops are relatively small, most of this gain comes from the reduction in other crops which fell from 24.5 percent in 2014 to 7.4 percent in 2017. Examining each group (control versus treatment) the increase in control group appears to be slightly larger (22.8 percent) in the control group than the treatment group (16.7 percent). To examine whether this shift in relative shares is statistically significant, we use an information approach proposed by Moss et al. (2016) . Specifically, we let the S i1 be the share of farmland in the control group planted to crop i and S 2i be the share of farmland in the treatment group planted to crop i. The information between the two distributions (I 2,1 ) is then defined as:
where n is the number of crops (in this case 7). Theoretically, the 0 ≤ I 2,1 ≤ ∞ with I 2,1 = 0 only when the two sets of crop shares are identical. Numerically, I 2,1 (2014) = 0.5625 and I 2,1 (2017) = 0.7667; however, these numbers by themselves are difficult to interpret. Specifically, we can say that the difference between the treatment group and control group becomes larger, but it is difficult to determine whether this difference is statistically significant. To develop whether these statistics are significant, Moss et al. (2016) use a jack-knifing procedure to generate I j,1 -the jth draw defined as:
where
1i is the jth draw for the share of crop i generated by dropping 1/3 of the control sample. Moss et al. (2016) draw 15,000 samples to generate the distribution of the information statistic under the null. Given this information, they construct a non-parametric test for whether I 2,1 is statistically significant. This study departs from the approach of Moss et al. (2016) by modifying the jack-knife procedure along the lines of a Wild-Bootstrap (Wu 1986 ). Specifically, Moss et al. (2016) generate the informational sample by the sequence of 0/1 weights following the jack-knife approach. Intuitively, 2/3 of the sample receive a weight of 1 and 1/3 of the sample receive a weight of 0. One difficulty with this approach is that some low-frequency events may generate I j,1 = ∞. Assume that some planting event only occurs one time in the sample-say only one farm plants sweet potatoes. Hence, it is possible that one of the jack-knife draws will not include that sample. Hence, S (j) 15 = 0 which yields an undefined value in Equation (A2). To overcome this possibility, consider the areas of each crop planted by farmer k (A 1,ik ) which are used to generate the overall crop shares
The total area farmed by each farmer in the control group can then be defined as:
Implicitly the jack-knifing procedure involves generating a set of totals:
where ε kj ∈ {0, −1} with probability P ε kj = 0 = 2/3. In this study, we replace the ε kj with ν kj = {−δ, δ} where δ is the standard deviation of the logarithm of A 1,·k for the sample k = 1, · · · K
A 1,ik the level of crop for farmer k then becomes:
The shares for the draw are then computed by applying Equation (A3) to the results for Equation (A6). The averaged shifted histogram (ASH) probability density function (Scott 1992, pp. 113-24) for the control group in 2014 is presented in Figure A1 . Following Kullback and Leibler (1951) , the probability density function is similar to a χ 2 distribution. Figure A2 presents the numeric cumulative density function (P I * 1,1 ) defined as:
where N I 1,1 ≤ I * 1,1 is the number of the draws less than I j,1 less than some value I * 1,1 and N * is the total number of draws. Hence, the numeric value I 2,1 (2014) = 0.5625 implies a probability P[I 1,1 ≤ 0.5625] = 1.0 (all of the simulated values of the information statistic are less than 0.5625) so we reject the hypothesis that our value of I 2,1 is drawn from the control sample. Applying this procedure to the values for the 2017 dataset, P[I 2,1 ≤ 0.7667] = 1.0 so the treatment information statistic is statistically different from that of the control group. Given these differences, we derive an informational version of the difference in difference model to examine the impact of PSE on agriculture in the Senegal River Basin. Here our approach is similar to the information in the change in farmland values from Moss et al. (2007) . Moss et al. (2007) Given these differences, we derive an informational version of the difference in difference model to examine the impact of PSE on agriculture in the Senegal River Basin. Here our approach is similar to the information in the change in farmland values from Moss et al. (2007) . Moss et al. (2007) Given these differences, we derive an informational version of the difference in difference model to examine the impact of PSE on agriculture in the Senegal River Basin. Here our approach is similar to the information in the change in farmland values from Moss et al. (2007) . Moss et al. (2007) observe the shares of farmland values for each state s in year t(v s,t = V s,t /∑ 48 k=1 V k,t where V s,t is the total farmland value for state s at time t). Using these definitions, they then define the information in the changes in farmland values as: 
Using this formulation, we define the information statistic for the difference in the land allocation between crops for the control group as:
where S 1i,j is the share of farmland planted by the control group to crop i in year j (j = {2014, 2017}).
Using the values in Table 1 -I ∆1 = 0.2109 and I ∆2 = 0.1291 (the difference value for the treatment group); hence, the informational difference in the treatment group is less than the difference for the control group. The question is then whether this difference is statistically different. Again, we turn to bootstrapping by resampling to form an empirical distribution for I ∆1 . Applying the empirical cumulative density function approach from Equation (11) we find that P[I ∆1 ≤ 0.1291] = 0.1303 so we fail to reject that the I ∆2 is different from I ∆1 .
